ABSTRACT Through utilizing user mobility and short-range device-to-device communication techniques, mobile opportunistic networks (MONs) enable end-to-end message delivery without the dependence on reliable network infrastructures. Examples of these networks include mobile social networks and vehicular networks. Multicast in MONs is used to disseminate information to a group of mobile nodes, which have attracted considerable attention due to high resource utilization. In this paper, we focus on reducing the overhead of multicast in MONs without compromising the delivery performance, through utilizing static social features of nodes and time-varying social behaviors. We first conduct a trace data analysis using the information entropy theory to identify the most important and representative social features in a popular trace, the Infocom06 trace. Based on these static social features, we propose a Social Profile-based Multicast (SPM) routing scheme, that supports efficient multicast message dissemination with a small maintenance overhead, i.e., little cost on maintaining the historical records. Furthermore, by exploring the time-varying social behaviors during daytime and nighttime, we verify that a small number of forwardings during that daytime is sufficient to achieve a desirable delivery ratio. We thus propose an improved overheadreducing scheme Social Profile-based Multicast-Overhead Reducing (SPMOR) that restricts the number of forwardings during the daytime. The extensive trace-driven simulations show that SPM achieves desirable delivery performance with small maintenance and transmission cost, and SPMOR can further reduce the transmission overhead under diurnal user behaviors. At last, we conduct a similar study on a campus-based MON trace, SocialBlueConn. We find that the main conclusions and performance results on SocialBlueConn are consistent with the Infocom06 trace, which verifies our methodology is scalable.
FIGURE 1.
The data forwarding process of multicast routing.
of each other, referred to as a ''contact'' or ''encounter''. An arrow means a message is transmitted from one node to another, referred to as a ''forwarding''. In the figure, the source, node S, wants to send data to multicast group D, which contains two multicast members, D1 and D2. S forwards data to D1 by first encountering node 2 and then through node 4, which are called ''relay nodes''. Similarly, data can be forwarded to D2 through relay node 2 and 3. It is well-accepted that such multicast routing can improve resource utilization in mobile opportunistic networks, which has attracted great concern and research efforts in recent years [11] - [17] .
Multicast members in the same multicast group often have a close relationship between each other, which can be dynamic, such as frequent contact records; or static, e.g., similar social features such as from the same organizations, speaking the same language, or sharing common interests [18] - [20] . In node trajectory or contact history-based approaches [21] - [23] , it is usually expensive to maintain the contact records at each individual node as nodes move frequently. In contrast, static social features or profiles are easy to maintain and retrieve, and can be utilized to efficiently identify desirable relay nodes that deliver messages to destinations [18] , [24] - [27] . Such static social information can be obtained and refined from user profiles when they register for an event, such as conference, disaster recovery, online social network platforms (e.g., Facebook and Twitter). This can be implemented by asking the users to simply tap a mobile device and write down the social profile, which is a common practice for mobile social network systems nowadays.
The efficiency of routing schemes based on social profile/features has been validated in unicast scenarios [18] , [24] . In this paper, we focus on multicast and study how static social features help reduce the overhead while still achieving good delivery performance. The overhead we aim to minimize in this paper includes: (1) the maintenance overhead, which refers to the cost of maintaining necessary information for the routing schemes, e.g., social features for social profile-based routing; (2) the transmission overhead, i.e., the redundant forwardings in the entire network. We first conduct a trace-based study using the information entropy theory, to identify the most important and representative social features in popular MON traces, e.g., the Infocom06 trace.
Then we verify that such social features in fact indicate the contact probability of nodes, through refining the trace data and calculating the number of node contacts associated with these features. Based on such a property, we design a multicast routing scheme, SPM, to achieve efficient delivery performance with small maintenance and transmission overhead. Next, we study the diurnal behaviors in the trace, i.e., the different contact frequency between the daytime and nighttime, and propose an improved scheme, SPMOR, by restricting the number of forwardings during the daytime. Our contributions are highlighted as follows.
1) Through the analysis of the Infocom06 trace data [28] using the information entropy and mutual information index, we determine the most important and representative social features, i.e., affiliation and language. These features are consistent with two typical multicast scenarios, i.e., affiliation-based and language-based multicast. We validate based on the trace data that nodes with similar affiliation or language labels are more likely to contact each other. We then apply this method to a campus-based trace, SocialBlueConn [29] , and the results suggest that our method is applicable. 2) We develop a social profile-based multicast routing scheme, SPM, utilizing these social features, which indicates a small maintenance overhead, e.g., only two features in the Infocom06 trace. We select relay nodes which have a small average affiliation distance or large common language ratio to multicast destinations. Unlike the dynamic contact history information, individual nodes can obtain and maintain the static social features easily. 3) We further investigate the contact behaviors of nodes during the daytime and nighttime in the traces. We find most of the contacts happen during the daytime, providing more choices for a node to select relays. Aiming at further reducing the transmission overhead, we thus propose an overhead-reducing multicast routing scheme, SPMOR, which restricts the number of forwardings during the daytime. 4) The opportunistic network simulation environment (ONE) [30] is extended to support multicast, and trace-driven simulations are conducted to evaluate the proposed schemes using the Infocom06 and SocialBlueConn trace data. The simulation results show that both SPM and SPMOR achieve near-optimal performance in terms of data delivery ratio and delay with low transmission overhead and energy consumption at the same time, which outperform other best-known multicast schemes. Especially, SPMOR can further reduce the transmission overhead and energy consumption compared with SPM. In the early conference version of this paper, we studied the social features in the Infocom06 trace and proposed SPM: a social-profile based multicast scheme utilizing social features [13] . Compared to the conference version, this paper proposes a new multicast scheme SPMOR to further reduce 50096 VOLUME 7, 2019 the transmission overhead and energy consumption by considering the diurnal behaviors of nodes. The trace analysis method and routing scheme design (SPM and SPMOR) are also extended to a new trace, SocialBlueConn, to verify their extensiblity. Besides, more simulation scenarios are included such as varying buffer sizes, which demonstrate the comprehensive performance of the proposed approaches. The energy efficiency is also investigated and discussed.
The remainder of this paper is organized as follows. Related work is discussed in Section II. The trace study is introduced in Section III. We describe the proposed social profile-based multicast routing scheme (SPM) in Section IV. The improved overhead-reducing multicast scheme SPMOR is described in Section V. The tracedriven performance evaluation is presented with analysis in Section VI. At last, we conclude the paper and discuss the future work in Section VII.
II. RELATED WORK A. TRADITIONAL APPROACHES
Zhao et al. analyzed the semantic models of mobile opportunistic networks and classified existing multicast approaches into four categories based on how they are implemented: unicast-based, tree-based, broadcast-based [31] , and groupbased approaches [32] , [33] . They concluded that groupbased multicast strategies perform the best. Furthermore, through exploring the inherent mobile characteristics, such as connectivity and contact probability, probability-based multicast approaches were proposed, e.g., EBMR [22] and CAMR [23] . Wang et al. considered the active level of nodes, the probability to multicast destinations, and the contact state information, and built a multicast non-replication tree with a small amount of relay nodes [21] . Wang et al. set the probability to reach the destination as the main multicast routing metric, and further compared three multicast strategies, i.e., single-copy, multi-copy and delegation forwarding. The results showed that delegation forwarding outperformed the other two strategies [34] . Lee et al. proposed RelayCast, which adopted a two-hop relay for DTN multicast and analyzed the throughput bounds [35] . Yang et al. further proposed a general cooperative multicast strategy using the two-hop relay in mobile ad hoc networks [17] . By utilizing the Markov chain model to analyze the packet delivery process, the expected packet delivery probability and cost were derived, and then the multicast strategy was validated to achieve low transmission overhead and high data delivery ratio.
B. SOCIAL-BASED APPROACHES
In mobile opportunistic networks, nodes move frequently and the link connection is intermittent, which brings a great challenge for data transmission. However, there exists social characteristics, e.g., nodes prefer to contact more frequently with those sharing similar interests or visit certain communities, have regular social behaviors. These social features are stable and have been utilized to assist data transmission in MONs [36] , [37] .
Social-based approaches have also been studied for multicast. Qin et al. investigated the effect of social relationship and group size on multicast in ad hoc networks [38] . A two-layer model including the social and network layer was proposed. Then a multicast routing strategy was proposed based upon the Euclidean minimum spanning tree with the probability density function (PDF) of the destination positions. The results showed a better scalability than traditional approaches. A community-based multicast routing scheme [39] was proposed by Gao et al.. They formulated the selection of the relay nodes as a unified knapsack problem, and chose the nodes with higher contact centrality in priority. Animesh et al. further proposed an energy-aware relay selection multicast scheme based on SDM [39] that considered both social centrality and the residual energy of nodes [40] . The scheme supported more multicast sessions and a longer lifetime than SDM. Chen et al. considered the proportion of the connections involving certain social feature values, and improved data relaying performance by utilizing the community structure in a comparesplit scheme [26] . Zhang et al. developed a hierarchical multicast routing in mobile opportunistic networks by adopting the backbone from a social network perspective [41] . The network was described in a weighted contact graph which reflected the node importance and contact tightness. Then a mobile backbone was constructed for multicast to reduce the overhead. Galluccio et al. proposed an adaptive infection recovery scheme which considered social relationship among users for multicast routing [42] . The delivery reliability was also investigated through utilizing the network coding technique.
Especially, the social profile of mobile nodes usually contains static and light-weighted information that not only infers the user mobility pattern, but also can be easily maintained, e.g., affiliation and language. This makes social profile-based routing schemes demonstrate desirable delivery performance at a substantially lower maintenance cost, which has been verified in unicast routing [18] , [24] , [27] . In the conference version of this paper [13] , we designed an efficient multicast routing scheme (SPM) utilizing static social features with small maintenance and transmission overhead.
Time-varying user behaviors have also been studied recently. A time-varying community structure based on human mobile networks was introduced in [43] . Gao et al. utilized the social transient contact patterns to improve the data forwarding efficiency under a short-time condition [44] . Zhou further predicted the future transient social contact patterns through considering the temporal closeness and centrality [45] . Then the TCCB data forwarding strategy was proposed to reduce the delivery cost. Our work in this paper further studies the contact diurnal behaviors and proposes SPMOR, which restricts the number of forwardings when plenty of contacts happen during daytime. Such a conservative forwarding setting can greatly reduce the transmission overhead without compromising the delivery performance of SPM.
III. SOCIAL FEATURES: A TRACE-BASED STUDY
In this section, we describe our trace analysis method which is used to determine the most important and representative social features in the Infocom06 trace. We use the Shannon entropy, mutual information index, and correlation analysis between social features and node contact behaviors.
A. THE INFOCOM06 TRACE
The Infocom06 trace [28] we used in this study is a popular trace gathered from an experiment at the Infocom 2006 conference, in which attendees carried Bluetooth devices, iMote, with a transmission range of 30 m. The trace data contains both the social profile information of the attendees, and the contact records. The social profile information includes social features, i.e., affiliation, language, country, city, position, etc. Each feature is labeled by numbers, i.e., IDs. For example, affiliation represents the organization or institution an attendee belongs to, labeled from 1 to 35 in integer. Attendees with the same affiliation label come from the same organization. The node mobility and interaction in the trace spans 4 days with a granularity of 120 seconds. In this study we focus on the nodes providing social profiles, which results in 63 nodes and 39,270 relevant contact records.
B. FINDING IMPORTANT SOCIAL FEATURES
In order to find the most important social features from the trace, we extend the approach of the feature analysis in [18] . Our method contains two steps: (1) identify the most important features according to their Shannon entropy; (2) determine a minimum set of mutually independent features through calculating the mutual information indexes. Consider a network consisting of N nodes, the features of each node are denoted by F j and j = 1, · · · , m, i.e., m features for a node. The entropy of feature F j is calculated using
all possible values of feature F j , and P(x i ) is the probability that x i is chosen for feature F j [46] . When a feature has a larger entropy, it means that the feature contains more information and thus is more important. We use the method to calculate the entropy for all social features in the Infocom06 trace. For nodes with multi-label features, our method only considers the most common label. For example, some nodes are labeled with multiple languages, and we choose the one that is most common among all nodes, except English. Table 1 demonstrates the entropy values of the six most useful features in the trace, which show similar results with [18] . By calculating the entropy, we quantify the importance of the social features. In conclusion, affiliation is the most important, and position is the least.
C. FINDING REPRESENTATIVE SOCIAL FEATURES
The social features may be inter-dependent. For example, a specific affiliation may indicate a specific city. Thus some of the important features listed in Table 1 are redundant and can be simply neglected. In order to determine a minimum set of representative features, the inter-dependence between social features is analyzed using mutual information indexes [46] , defined as
where X and Y are two features, and P(x) and P(y) are the marginal probability of feature X and Y , respectively. The joint probability of X and Y is P(x, y) = P(y|x)P(x) = P(x|y)P(y). If the mutual information index value of two features is larger, their inter-dependence is greater. The numerical results of the mutual information indexes between the six features are listed in Table 2 . We find that city, nationality and country demonstrate a strong dependence on affiliation. This is consistent with the practice in real world. An organization usually locates in a specific city of a specific country, and the employees usually hold the nationality of that country. In contrast, as many organizations often have a multiculture work environment nowadays, the language feature is relatively independent. Other than English, the employees with different cultural backgrounds speak a variety of different languages. Although position is also independent according to the table, its entropy is small, which implies little information.
In summary, we claim that affiliation and language are the most important and representative social features in the trace.
D. CONTACTS BETWEEN NODES WITH SIMILAR AFFILIATIONS
We now verify the impact of the affiliation feature on user behaviors. In the trace, the affiliation feature is labeled with an affiliation ID. We retrieve the contact probability on different affiliation distance, i.e., the absolute value of the arithmetic difference between two affiliation IDs. This distance measures how two organizations are ''close'' to each other, e.g., in terms of geography. A small distance means the two organizations are ''close'' to each other, and specifically, distance 0 means the same affiliation. It has been verified that individuals with similar social features in the Infocom06 trace tend to contact each other more often [27] . Moreover, the collectors of the Infocom06 trace data revealed that affiliation and country are mainly labeled by a number smaller than 13 (the maximum is 35) when they own the language label 5 and 10 (French and Spanish) [24] . We thus infer that the label values of the affiliation follow an approximate geographical order, i.e., Europe first and then other continents. To inspect how such affiliation distance impacts the contact probability, we extract the number of contacts in the trace and plot the contact probability for any affiliation distance in Fig. 2 , which is the proportion of the contacts of any two nodes with that affiliation distance in the trace. Surprisingly, the relationship between the affiliation distance and contact percentage shows an approximate linear correlation, which indicates that nodes with smaller affiliation distances are more likely to contact each other. This verifies our inference that organizations in the same or neighboring countries are labeled with close IDs. 
E. CONTACTS BETWEEN NODES WITH COMMON LANGUAGES
We also study the role that the language feature plays in the human interaction in the trace. We exclude English in the analysis as English is the official language used by everyone during the conference. Existing work has verified that the inter-contact time of attendees follows a power-law distribution in the Infocom06 trace [24] , [47] . The larger the power coefficient is, attendees will meet each other more frequently. In this study, we further analyze the inter-contact time between attendees with and without common languages, excluding English. Figure 3 shows the CCDF of the intercontact time, where the curve with common languages has a larger power law coefficient than that without a common language. This validates that attendees with common languages will contact each other more frequently. For example, in the trace, attendees from Europe with language 5 will communicate more frequently with other people with the same label.
F. INSIGHTS INTO THE INFOCOM06 TRACE DATA
Now we give a summary of the insights that we have revealed from the Infocom06 trace data. The most important and representative social features in the trace are affiliation and language. People tend to contact more frequently with those belonging to the same or close organizations. Moreover, attendees also prefer to connect with those having common languages. The insights revealed from the trace are consistent with two typical multicast applications nowadays: (1) the affiliation-based multicast, where people with similar affiliations form a multicast group; (2) the language-based multicast, in which a multicast group consists of people sharing common languages (other than English). In the rest of this paper, we focus on these two kinds of multicast applications.
IV. SPM: SOCIAL PROFILE-BASED MULTICAST ROUTING
This section first presents in detail the two typical multicast scenarios for the Infocom06 trace, i.e., the affiliation and language-based multicast. Then a social profile-based multicast scheme (SPM) is proposed, which can reduce both the maintenance and transmission overhead by utilizing these two static social features.
A. AFFILIATION AND LANGUAGE-BASED MULTICAST 1) AFFILIATION-BASED MULTICAST
Existing work has studied affiliation-based multicast, in which nodes with the same affiliation label belong to the same multicast group [24] . As observed in Section III-D, people from close organizations also communicate with each other frequently. We thus partition these nodes into multicast groups according to their affiliation label. There are many partition methods available, and we use the K-means clustering algorithm [48] mainly due to its universality and simplicity.
The K-means algorithm is to find k clusters such that the intra-cluster distance between the nodes and their cluster centers is minimized. Given N nodes with affiliation label set into k (k N ) groups S 1 , S 2 , · · · , S k , with the minimum sum of the squared intra-cluster affiliation distances. Thus the problem can be formulated as min
x j is the average value of the node affiliation ID in S i , and N i is the number of nodes in S i .
Next, we determine the number of groups. We utilize the R-square metric, R s , which can be calculated as 2 is the sum of the squared total cluster affiliation distances. If R s is closer to 1, it means the nodes in the same cluster have a greater similarity. In Fig. 4 , we plot the R s value with varying numbers of clusters in the trace. It is observed that R s is close to 0.98 when the cluster number k = 8, and R s only increases slightly afterwards. We thus set the number of groups to k = 8, and the clustering results for the affiliation-based scenarios are shown in Table 3 . We assume that the cluster ID of a node is fixed and known to it once the partitioning process is finished. This can be achieved through centralized administration, e.g., with the assistance of the staff at the registration desk. After the cluster is settled, a node may store its cluster ID to its local buffer, and the cost to carry such ID is negligible. In real applications, there can be some nodes with high social centrality that carry and disseminate the global clustering information to nodes.
2) LANGUAGE-BASED MULTICAST
We find that 26 out of 63 attendees have a common language labeled 5. These nodes communicated with each other frequently, and contributed to a large portion of the contacts in the trace. Therefore, we assume a multicast service for these attendees, and some multicast messages are sent to them, i.e., 26 attendees in one multicast group with language label 5.
B. THE PRINCIPLE AND SCHEME DESIGN OF SPM
Based on the insights from Fig. 2 , nodes with smaller affiliation distances will contact each other more frequently. Thus the nodes with smaller affiliation distances to the multicast destinations are more likely to relay data to them, which should be chosen as the relay nodes. Moreover, according to Fig. 3 
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Different from unicast, multicast destinations consist of a group of nodes. Given N r multicast members in a multicast group D = {D 1 , D 2 , · · · , D N r }, any message m from a source node S will be sent to all other nodes in D. According to the trace, multicast members connect with each other closely, as they are from close affiliations. We can adopt the average values of these metrics, e.g., the average affiliation distance to the members in a group. Assuming that node X carrying message m meets node Y , the routing scheme needs to decide whether Y should be the next relay, i.e., whether X should forward message m to Y . The algorithm running on X is described in Alg. 1, and the definitions of these metrics are described as follows.
(1) The average affiliation distance for a message m of X is A(X , m) = In SPM, the average affiliation distance and common language ratio are selected as the routing metrics, with the relationship as or. When Y satisfies any one of the criteria compared with X , the forwarding process will be triggered. Moreover, the delegation forwarding strategy is adopted to reduce the transmission overhead [34] , where the encountering nodes whose routing metrics are the best so far will be selected as relays.
V. SPMOR: SOCIAL PROFILE-BASED MULTICAST ROUTING-OVERHEAD REDUCING
In this section, we will explore the time-varying social behaviors in the trace, i.e., different social patterns during the daytime and nighttime. Taking this into consideration, we propose SPMOR, an improved social-profile based multicast algorithm further reducing the transmission overhead and the energy consumption, through restricting the number of forwardings during the busy contact periods, i.e., the daytime.
A. TIME-VARYING SOCIAL BEHAVIORS
The human social behaviors change over time, which has been verified in [44] . We thus further study the time-varying social behaviors in the Infocom06 trace. The trace data were collected from April 23rd to April 27th. The Bluetooth devices were distributed to volunteers between 7:00 PM and 9:00 PM on April 23rd and collected back on April 26th and April 27th during the daytime. All the Bluetooth devices were set to start working at 5:01 PM on April 23rd. Once two nodes met, a contact occurred. Each contact has its start time and end time, and we treat the start time as the time of the occurrence of a contact. We define the contact percentage during a time period as the number of contacts happened during the period over the total number of contacts of all periods. Figure 5 shows the contact percentage during all the time periods of the experiment of Infocom06. We observe that the contact percentage is much higher during the daytime than nighttime. This is because the opening session, keynote speeches and technical sessions were arranged from 9:00 AM to 6:00 PM. People attended these sessions and contacted each other at a high frequency. However, during the nighttime, if no activities are arranged, attendees are most likely to stay in separate small groups, resulting in a lower contact percentage.
B. THE PRINCIPLE AND SCHEME DESIGN OF SPMOR
Based on the observations in Fig. 5 that most contacts occur during the daytime, we propose a simple yet efficient algorithm, SPMOR, to further reduce the transmission overhead and the energy consumption, without compromising the delivery performance. Compared with SPM, in SPMOR each node needs to store and maintain an extra metric, the number of forwardings, i.e., the number of messages that have been relayed successfully by the node. It is worth noting that maintaining this metric is quite easy at individual nodes, and incurs little maintenance cost.
Consider that people contact each other more frequently during the daytime, there will be better flexibility for each node, i.e., more nodes as relay candidates. Thus, a node may behave more conservatively in sending out messages in order to reduce the transmission overhead and the energy consumption. SPMOR simply compares the number of forwardings of two contacting nodes, and invokes forwarding only if the number of forwardings of the relay candidate is smaller than the message holder. The details of SPMOR are described in Alg. 2, and we briefly describe its main procedure as follows, assuming Node X needs to decide whether to transmit message m to node Y . forward Msg m to node Y 16: update M H ← M (Y , m) 17: end if 18 : end if
Step 1: determine whether message m should be forwarded based on the number of forwardings and contact time. During the daytime, more contacts are expected, so the forwarding will be restricted if the number of relayed messages on the candidate, node Y , is greater than the message holder, node X . The purpose is to reduce possible transmission overhead and preserve energy for better relays. Such restriction does not apply to contacts during nighttime, as there are few contacts during that time period.
Step 2: if the transmission is not restricted for the concern of the number of forwardings in step 1, make the final decision whether to forward message m to node Y based on the crucial social features: i.e., affiliation and language. Node X always selects the relays that are closer in terms of affiliation or with common languages. This step is the same with SPM.
VI. PERFORMANCE EVALUATION
In this section, we evaluate the performance of our SPM and SPMOR schemes through trace-driven simulations. We first explain the setup of the simulations, and then present and analyze the simulation results on the Infocom06 and SocialBlueConn trace, respectively.
A. SIMULATION SETUP
In the simulations, we first import the contact history from the Infocom06 or SocialBlueConn traces, and reproduce the node movement and contact process using the opportunity network simulation environment (ONE) [30] . Besides our SPM and SPMOR schemes, two existing popular multicast schemes are also implemented in ONE as benchmarks, i.e., the Non-Replication tree (NR) scheme [21] and Epidemic scheme [31] , and compared with SPM and SPMOR. In NR, a multicast tree is built according to the contact state information dynamically, in which leaf nodes are the multicast destinations. As a result, the NR multicast scheme needs to store and update the contact information at all nodes. In the Epidemic routing scheme, messages are flooded in the network. For the SocialBlueConn trace, we repeat a similar analysis and scheme design process with that of Infocom06 and conduct simulation-based experiments with similar configurations.
The performance is evaluated in terms of the following metrics.
(1) Data Delivery Ratio: the ratio of the number of messages arrived at destinations to the number of messages expected to arrive at destinations.
(2) Transmission Overhead: the total number of relayed messages (only successfully forwarded messages are included) minus the number of messages reaching the destinations, divided by the latter.
(3) Average Delay: the average time spent by all messages from the source to the destinations.
(4) Energy Consumption per Message: the energy consumption on sending/receiving all the messages over the number of successfully delivered messages. Different from transmission overhead, energy consumption includes the energy consumed on aborted transmissions, e.g., transmitting half size of a message and then aborted due to loss of contact. The energy consumption on a single message is calculated using E(P) = i * u * t p , where t p = (P h + P d )/1Mbps is the time spent on transmitting the message, 1 Mbps is the transmission speed, i is the current value, u is the voltage value, and P h and P d are the sizes of the message header and payload, respectively. We refer to a Bluetooth 4.0 chip, CC2541 [49] , to set the parameters in E(P). When the transmission speed is 1 Mbps, i is 17.6 mA and 18 mA for receiving and transmitting data, respectively. u is 3 V.
B. RESULTS ON THE INFOCOM06 TRACE
There are two scenarios considered for the Infocom06 trace. In the affiliation-based multicast scenarios, eight communication groups are set following Table 3 . In the languagebased multicast scenarios, one multicast group is selected containing 26 nodes, with a common language labeled 5. Let ''−A'' and ''−L'' denote the affiliation-based and languagebased scenarios, respectively.
1) THE PERFORMANCE OF SPM
We first evaluate the performance of SPM in comparison with the NR and Epidemic schemes with varying TTL values on the Infocom06 trace. The message size is 100 KB, and the message generation interval is 300 seconds. The buffer size of any node is 30, 000 KB. Under these settings, in most cases (TTL < 1, 500 minutes), the number of distinct messages in the system will be less than 300. Considering the size of the buffer (30, 000 KB) and messages (100 KB), the node buffer is thus big enough to accommodate all the messages if TTL is set to one day (1, 440 minutes).
In Fig. 6 , we evaluate the performance of the three schemes in terms of data delivery ratio, average delay, transmission overhead, and energy consumption per message with different TTLs. Figure 6a shows the data delivery ratio, which indicates that our SPM scheme achieves comparable performance with the history-based approach, NR, in either affiliation-based or language-based scenarios. This verifies the efficiency of selecting relay nodes based on static social features such as affiliation and language, which can be easily obtained and maintained compared with the contact history. It is worth-noting that Epidemic can be seen as the optimal strategy concerning delivery ratio and delay if messages are never discarded by nodes, i.e., with enough buffer size. Moreover, it is also observed that the performance of the three schemes under the language-based scenarios outperforms affiliation-based scenarios. The reason is: there is one single language group with 26 members under the language-based scenarios, which is much larger than affiliation-based groups (8 on average). A greater number of multicast members usually indicates a higher probability to share relay nodes, and thus a better delivery performance. The results concerning the average delay is shown in Fig. 6b . It can be observed that the SPM and NR schemes perform only slightly worse than Epidemic, i.e., a near-optimal performance. Note that Epidemic always demonstrates the shortest delay as it often selects the shortest path to destinations, yet with a great transmission overhead.
We then investigate the transmission overhead and energy consumption and plot the results in Fig. 6c and Fig. 6d , respectively. We observe a great reduction of the SPM and NR schemes compared with Epidemic in all scenarios. Specifically, our SPM scheme introduces the lowest cost when TTL is set to 2, 880 minutes, the most challenging case as the buffer is too small to accommodate all the messages. When TTL increases, the transmission overhead of Epidemic increases dramatically. This is because the buffer is insufficient when TTL becomes large and many messages are repeatedly copied and dropped before reaching the destination. The performance results of the energy consumption are consistent with the transmission overhead, in which SPM and NR perform better than Epidemic. This is because in these cases (e.g., message size = 100 KB, transmission rate = 1 Mbps), most of the packet transmissions can be completed during one encounter. Recall that one difference between transmission overhead and energy consumption is whether the aborted transmissions are counted. As a result, when transmission abortion rarely occurs, the energy consumption per message is in proportion to the transmission overhead.
2) THE PERFORMANCE OF SPMOR
We evaluate our SPMOR scheme with different TTLs and buffer sizes in both affiliation-based and language-based scenarios. In the Infocom06 conference, most activities were arranged during daytime when attendees contact each other more frequently than nighttime. To reflect this behavior, we thus set different message generation intervals for the daytime, night and midnight as 1, 000, 4, 000 and 8, 000 seconds, respectively.
We first fix the buffer size at a value that is large enough as 10, 000 KB. The size of a message is 100 KB, and we let TTL vary from 180 to 2, 880 seconds. Fig. 7a shows the delivery ratio of the SPMOR scheme, in comparison with the original SPM. We observe only marginal performance degradation in either affiliation-based or language-based scenarios. Similar phenomena are also observed for the delay performance in Fig. 7b . This demonstrates that although nodes are more conservative in forwarding messages during the daytime, the delivery performance is not compromised. Through utilizing the social features, SPMOR remains effective in the dissemination of messages. Fig. 7c and Fig. 7d demonstrate the transmission overhead and energy consumption of SPM and SPMOR. We observe that the overhead is reduced greatly in SPMOR compared with SPM in all scenarios, which also reflects great energy savings. For affiliation-based scenarios, the overhead is reduced by more than 50%, a quite significant decrease. The overhead reduction of SPMOR in language-based scenarios is slightly smaller than affiliationbased scenarios, but the performance improvement is still around 20%. Such a mass reduction of transmission overhead is due to restricting the number of forwardings during the daytime. There are a lot of activities during the daytime, and nodes move and contact each other frequently, where many forwardings are in fact redundant and do not contribute to improving the delivery ratio. These results verify the efficiency of SPMOR on reducing the transmission overhead and energy consumption of SPM through a conservative forwarding strategy. We then fix TTL to 1, 440 seconds and vary the buffer size from 500 KB to 3, 000 KB. Note that the size of any message is 100 KB. We adopt small buffer sizes (e.g., 500 KB) to test the performance of our routing algorithms in possible cases of MONs where nodes may have limited storage space. Figure 8 shows the performance of SPMOR with different buffer sizes. First, we observe that the data delivery (Fig. 8a) and delay (Fig. 8b ) performance remain at the same level with SPM, which is similar to the cases of varying TTL in the previous section. The delivery ratios of both SPM and SPMOR are greater than 0.6, which is quite desirable. Specifically, SPMOR demonstrates nearly the same delivery ratio with SPM with smaller buffer sizes (e.g., <1, 000 KB), showing that the conservative forwarding policy adapts well to small buffers. Once again, similar to the cases with different TTLs, the transmission overhead has been greatly reduced by SPMOR, with an average decrease of more than 50% under affiliation-based and 35% under language-based scenarios, shown in Fig. 8c . For these cases, we observe no distinct impact of the buffer size on the overhead or energy consumption, shown in Fig. 8c and Fig. 8d . SPMOR can further reduce the energy consumption of SPM greatly. The performance results of the energy consumption are consistent with the transmission overhead in Fig. 7 and Fig. 8 , and the reason is similar to the cases in Fig. 6 . We also observe a better performance under language-based scenarios than affiliation-based scenarios, due to the bigger group size of the language-based multicast. This bigger group shares more relay nodes, and also makes the performance gap between SPM and SPMOR less distinct under these scenarios.
We further explore the percentage of delivered messages at individual members in the multicast group under the language-based scenarios, which is summarized in Fig. 9 . There is one single multicast group containing 26 members in these cases, and these 26 members are the destinations of multicast messages. The percentage of delivered messages at a multicast member is the portion of the multicast messages successfully arrived at this node. From Fig. 9a to 9c , we list the percentage of delivered messages at each individual multicast member labeled from 1 to 26, when TTL=180, 720, and 1440 minutes, respectively. We observe that only a small number of members suffer from relatively lower delivery ratios. Moreover, with a greater TTL, the percentage of delivered messages increases. We thus plot Fig. 9d to verify such improvement with increasing TTL values, which is the CDF of the multicast members with different percentage of delivered messages. For example, when TTL=1440 minutes, the multicast group demonstrates a desirable delivery performance, where more than 80% members have a delivery ratio greater than 70%. The performance improves only marginally when TTL>1440 minutes.
C. RESULTS ON THE SOCIALBLUECONN TRACE
We extend our analysis method and routing design principles to another trace, the SocialBlueConn trace. Similar to our work on the Infocom06 trace, we first analyze the SocialBlueConn trace data and extract important and representative social features, and then define multicast groups based on these features. The corresponding SPM and SPMOR routing algorithms are designed using specific routing metrics associated with the social features of SocialBlueConn, and then tested using the ONE simulator.
1) THE SOCIALBLUECONN TRACE
The SocialBlueConn trace contains Bluetooth encountering records and social profiles of a set of 15 students through an ad-hoc Android application, SocialBlueConn, at University of Calabria [29] . The trace spans one week from January 28th 2014 to February 5th 2014, excluding non-working days. We refine the data and use 40, 136 contact records between the 15 students. The granularity is 180 seconds, and the transmission range is 10 m. Participants' interests were collected at the beginning of the experiment through a questionnaire, which contained a list of questions considering the participants' preferences in the following 9 categories: mobility, sport, music, cinema, literature, multimedia entertainment, politics, other hobbies and social networks. 
2) ANALYSIS ON THE TRACE DATA
Following the same analysis strategy with the Infocom06 trace, we calculate the participants' preference entropy, and list the five largest ones in Table 4 : politics, literature, cinema, sport and multimedia entertainment. We then calculate the mutual entropy, and filter out literature as it is highly dependent on politics as their mutual entropy is large (in Table 5 ). In contrast, sport is independent of politics. Therefore, Politics and Sport are determined to be the most important and representative preference features in the SocialBlueConn trace. Concerning the multicast scenarios, we consider interest-based multicast such as sport group and select the nodes with soccer as the sport interest to form one multicast group, denoted by ''−S''. In the corresponding routing algorithm SPM and SPMOR for SocialBlueConn, we select the nodes with more common politics or sport interests with the multicast group as relay nodes. The design is similar to the routing strategies for the Infocom06 trace, so we omit the details here.
3) THE PERFORMANCE OF SPM AND SPMOR
Similar to the experiment settings on the Infocom06 trace, we set the message size to 100 KB and the buffer size to 30, 000 KB to evaluate the SPM scheme, where few transmissions are aborted during data forwarding. The performance of SPM with different TTLs on the SocialBlueConn trace is demonstrated in Fig. 10 , where SPM shows nearly the same results with NR in terms of delivery performance and transmission cost, but with less maintenance overhead in most cases. It verifies that SPM achieves desirable performance when using the static social profile strategy.
We also evaluate SPMOR with greater sizes of messages. A greater size indicates it is more likely to abort a transmission within a short contact duration. We assign the size of a message a random value from [1 KB, 5 MB]. To reflect the diurnal human behaviors, we set different message generation intervals for the daytime, night and midnight to 300, 1, 200 and 2, 400 seconds, respectively. The buffer size is 1, 000 MB. Compared with SPM, SPMOR further reduces the transmission overhead and energy consumption without performance degradation in all cases as illustrated in Fig. 11 . From Fig. 11c and Fig. 11d , we can see that the energy consumption per message generally follows a similar trend to the transmission overhead, but with small fluctuations, e.g., different patterns when TTL are 720 minutes and 900 minutes. This is due to aborting transmissions before completing the reception of packets. For a greater message size, e.g., in the range of [1 KB, 5 MB], the transmission rate, i.e., 1 Mbps, is insufficient to guarantee the completion of receiving a message within the contact duration in the trace. According to our simulation results, nearly 1/3 transmissions are aborted due to insufficient contact duration. In case of aborted transmissions, the energy consumed on sending and receiving the transmitted part will be counted in calculating the total energy consumption, while such partial transmissions are ignored in calculating the transmission overhead. Therefore the energy consumption per message is not strictly in proportion to the transmission overhead when the message size is large. It is worth mentioning that the transmission overhead here focuses more on the transmission aspect, i.e., the routing and caching cost during the entire routing process, through calculating the number of replications and caching times among the relay nodes.
In summary, we observe that all the simulation results are consistent with the Infocom06 trace. This verifies the extensiblity of our analysis method and the SPM/SPMOR algorithms on different traces.
VII. CONCLUSIONS AND FUTURE WORK
In this paper, we focused on reducing the maintenance and transmission overhead of multicast using social features in mobile opportunistic networks. Our methodology can be summarized as follows. First, we used the information entropy theory to analyze the trace data, e.g., Infocom06 and SocialBlueConn, to identify a small set of important and representative static social features, e.g., affiliation and language in the Infocom06 trace. We then used these features as the routing metrics, e.g., the affiliation distance and common language ratio, to design a social profile-based multicast routing scheme, SPM. Furthermore, we analyzed the timevarying social behaviors during the daytime and nighttime, finding that a great number of contacts happened during the daytime, among which many were in fact redundant. By restricting the number of forwardings during the daytime, we proposed SPMOR, which further reduced the transmission overhead and energy consumption compared with SPM. Through trace-driven simulations, we validated that SPM achieved a near-optimal delivery performance with small overhead, and SPMOR further reduced the overhead in case nodes demonstrate diurnal behaviors. The results on the Infocom06 and SocialBlueConn traces verify that our approach is general and can apply to many scenarios of MONs.
Concerning the future work, we will consider a variety of other multicast applications, such as literature or music-based multicast applications in the SocialBlueConn trace. Many other traces also provide the social profile information and we can extend our SPM and SPMOR schemes to adapt to more environments. Furthermore, we will study cooperative buffer management strategies among multiple nodes for messages with greater sizes, rather than the simple FIFO strategy in our current work. Last but not the least, we will study the energy optimization techniques to further reduce the energy consumption of our approaches. 
